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Abstract

Most individuals are latently infected with herpes simplex virus type 1 (HSV-1) and it is well-
established that HSV-1 establishes latency in sensory neurons of peripheral ganglia. However,
it was recently proposed that latent virus is also present in immune cells recovered from ganglia
in a mouse model used for studying latency. Here, we reanalyzed the single-cell RNA
sequencing (scRNA-Seq) data that formed the basis for this conclusion. Unexpectedly, off-
target priming in 3’ scRNA-Seq experiments enabled the detection of non-polyadenylated
HSV-1 latency-associated transcript (LAT) intronic RNAs. However, LAT reads were near-
exclusively detected in a mixed population of cells undergoing cell death. Specific loss of HSV-
1 LAT and neuronal transcripts during quality control filtering indicated widespread destruction
of neurons, supporting the presence of contaminating cell-free RNA in other cells following
tissue processing. In conclusion, the reported detection of latent HSV-1 in non-neuronal cells
is best explained by inaccuracies in the data analyses.
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Introduction

All herpesviruses share the ability to establish a lifelong latent infection in their hosts,
which facilitates virus reactivation and intermittent spread to naive hosts. Herpesviruses
belonging to the Alphaherpesvirinae subfamily, which includes the ubiquitous human pathogen
herpes simplex virus type 1 (HSV-1), establish latency in neurons of the peripheral nervous
system [1]. The primary site of HSV-1 latency are sensory neurons of the trigeminal ganglia
(TG) and/or dorsal root ganglia (DRG) [2]. Moreover, HSV-1 DNA also persists in neurons of
other sensory and autonomic ganglia [3,4], and the possible existence of a latent HSV-1
reservoir in the cornea has been a long-standing debate in the field [5,6]. Therefore, the
development of single-cell RNA sequencing (ScCRNA-Seq) technologies provides an unique
opportunity to study latency and reactivation in neuronal latency models [7], as well as to
provide evidence for whether HSV latency is established in non-neuronal cells. A recent study
by Wang et al. [8] addressed the latter and concluded that, in addition to neurons, HSV-1
establishes latency in immune cells that are present in TG of HSV-1 experimentally-infected
mice. Here, we present a reanalysis of the scRNA-Seq data from Wang et al. [8] that
demonstrates inaccuracies in their data analyses and that argue against this conclusion.

During latency, HSV-1 gene expression is highly restricted and limited to the latency-
associated transcript (LAT) and associated miRNAs [9—-14]. The primary LAT transcript is 8.3
kb in size, capped, and polyadenylated [15-18]. Splicing produces stable 1.5 and 2 kb LAT
intron lariats that accumulate to high levels in sensory neurons, while the highly unstable 6.3
kb spliced polyadenylated RNA is rapidly processed into viral microRNAs [19,20] (for a
comprehensive review of LAT, see [21]). Two major claims are reported by Wang et al: (i) in
addition to neurons, various types of immune cells recovered from TG of experimentally
infected mice express HSV-1 LAT, and (ii) the presence of LAT in these cells indicates that
HSV-1 can establish latency in non-neuronal cells present in the TG. The core data supporting
these claims was obtained by droplet-based scRNA-Seq analysis (10X Genomics platform) of
TG from uninfected C57BL/6 mice (dataset: “Uninf-1”) and two biological replicate groups of
C57BL/6 mice infected via the corneal route with 2 x 10° pfu/eye of HSV-1 strain McKrae 35
days earlier (datasets: “Inf-1” and “Inf-2”). Each biological replicate was obtained by pooling
the paired left and right TG from 15 animals (i.e., 30 TG per biological replicate). To examine
the claims in more detail, we aimed to reproduce the analyses presented by Wang et al. [8].
Although the neither the (raw) scRNA-Seq datasets nor the analyses scripts were available
upon publication or currently linked to the online article, we obtained the raw data from the
study (SRA PRJINA937697, GEO GSE225839) via the handling editor. What follows is a
reanalysis of the data presented by Wang et al. [8] using the same filtered barcode matrices

that serve as input for the scRNA-Seq analysis.
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83
84  Results
85  Quality control of scRNA-Seq datasets

86 Isolation of dissociated, single cells from organs requires mechanical and/or enzymatic
87 tissue dissociation, typically followed by removal of dead cells and (if needed) further
88  purification of cells of interest by magnetic bead- or flow cytometry-based cell sorting. Quality
89  control (QC) filtering of the obtained scRNA-Seq datasets is therefore a critical first step [22].
90 The Chromium Single Cell 3’ v3.1 Reagent Kit (10X Genomics) used by Wang et al. [8] for
91 library preparation is designed to capture polyadenylated RNAs and prime reverse
92  transcription using a poly(T) primer that also includes the barcode and unique molecular index
93  (UMI) sequences. QC filtering involves the identification and removal of doublets, as well as
94  an assessment of cell viability in each of the samples. This latter is achieved by measuring, for
95 each individual cell (i) the number of unique genes detected, (ii) the total number of RNA
96 molecules (UMI) recovered and (iii) the proportion of reads derived from mitochondrial RNAs
97 [23,24] (Fig. 1). In the original matrix count files generated by Wang et al. [8], the datasets
98 designated Inf-1 and Uninf-1 displayed relative similar results with median counts of 1,979 and
99 1,822 distinct genes detected per cell, a median total RNA count of 7,148 and 6,879, and with
100 51% and 83% cells having a mitochondrial RNA fractions count < 15%. By contrast, dataset
101  Inf-2 showed very different results with a median of only 558 distinct genes per cell, a median
102  total RNA count of just 929, and only 33% of cells having a mitochondrial RNA fraction < 15%
103  (Fig. 1A). These data indicate a high proportion of dying/dead cells within the Inf-2 dataset.
104  Next, we applied filters on mitochondrial RNA content and unigue gene counts, according to
105 the parameters described by Wang et al. [8], namely that cells were only retained if between
106 300 — 9,000 distinct genes were detected, and the proportion of mitochondrial reads present
107  was below 15%. At this stage, we observed large numbers of low-quality cells filtered out of
108 each dataset (Fig. 1B). This resulted in 3,608 cells for Uninf-1 (reduced from 4,206, a loss of
109 14%), 3,158 cells for Inf-1 (reduced from 6,155, a loss of 49%), and 5,660 cells for Inf-2
110  (reduced from 17,014, a loss of 67%).

111
112 Clustering and annotation of single cells

113 One of the most contentious components of any SCRNA-Seq analyses is the reduction
114  of multi-dimensional into simple two-dimensional figures through either t-distributed stochastic
115 neighbor embedding (t-SNE) or Uniform Manifold Approximation and Projection (UMAP)
116  techniques. While this has been reviewed elsewhere [22] it is worth noting that significant care

117  must be taken when trying to interpret these data. Here, integration of the three datasets and

4
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118  clustering was performed in a similar manner to Wang et al. [8], matching as many parameters
119 as possible (see Methods) (Fig. 2A). A deeper analysis of the clusters revealed significant
120  differences in the relative proportions of cell types present in each dataset with some clusters
121  being almost entirely derived from a single dataset (e.g., Cluster 0 and to a lesser extent cluster
122 2, Fig. 2B).

123 A second challenging component of scRNA-Seq analyses is the process of assigning
124  specific cellular identities to a given cluster. This is typically achieved by identifying distinct
125  markers within a given cluster and comparing this to a well-described reference database of
126  cell identities. Here, we used the same annotation tool and reference databases as Wang et
127  al. [8] (SingleR [25], with (MouseRNAsegData [26] and ImmGenData [27] from the celldex
128  package (https://aithub.com/LTLA/celldex) (Fig. 2C-D). This analysis (i) produced convergent

129  results (Fig. 2E) and (ii) demonstrated that while most clusters could be identified with high
130 confidence (i.e., > 90% of cells present are predicted to have the same identity), other clusters
131  are reported as a mix of cell types and thus should be considered as low confidence (i.e.,
132 Clusters 0, 3, 5, and 6, Fig. 2C-D). Subsequently, an analysis using representative markers
133 forthe cell types present in each cluster further confirmed the division between high confidence
134 and low confidence cluster identities (Fig. 2F). We further analyzed Cluster 0 to better
135 understand why no robust cellular identity could be assigned. Notably, this cluster derived
136  almost entirely from the Inf-2 dataset (Fig. 2B) and, when compared to other clusters, was
137  characterized as containing cells with high proportions of mitochondrial reads and low numbers
138  of detectably expressed genes per cell (Fig. 3A-B). To test the hypothesis that most cells in
139  this cluster are dying/dead, we summarized the expression of 40 cell death markers [28] and,
140 again when compared to other clusters, determined these to be predominantly expressed in
141  the Inf-2 derived cells in Cluster 0 (Fig. 3C and Table S1). This is particularly relevant in the
142  context of the original Wang et al. [8] analyses as the major conclusions in that study were

143  selectively derived from analysis of cells in this cluster.

144 Taken together, these data indicate that (i) Inf-1 and Inf-2 datasets are not valid
145  biological replicates, (ii) clusters 0, 3, 5, and 6 cannot be assigned a cell identity with
146  confidence, and (iii) Inf-2 derived cells in Cluster O are likely undergoing programmed cell
147  death.

148
149  Off-target capture enables profiling of LAT intron lariats by scRNA-Seq

150 We next switched focus to the reported detection of HSV-1 LAT transcripts in multiple
151  clusters. Of particular note is that the stable HSV-1 LAT 1.5 and 2 kb introns are not
152  polyadenylated and the mature LAT RNA is highly unstable [15,18]. Thus, one would not

153  expect to detect intron-derived RNAs by 3 scRNA-Seq in which the 3’ oligo d(T) adapter is
5
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154  designed to prime of poly(A) tails. However, reanalysis of the raw fastq files from Wang et al.
155  [8] demonstrated that 74 — 92 % of viral reads (representing < 0.005 % of all reads) aligned to
156  the LAT intron, while the remaining reads mapped at low density throughout the rest of the
157  HSV-1 genome (Fig. 4A-B, Table S2). Closer examination of read alignments across the LAT
158  locus showed consistent alignments that were associated with short adenosine homopolymers
159 located within the intron and a much smaller peak at the 3’ end of the mature LAT (Fig. 4C).
160  Taken together, these data show that off-target priming in 3’ scCRNA-Seq experiments [29]
161  surprisingly enables the detection of non-polyadenylated HSV-1 LAT introns. Similar results
162  have been observed in other scRNA-Seq studies of HSV-1 latently infected ganglia, indicating
163  that the 3' scRNA-Seq approach is compatible with studies of HSV-1 latency models [7,30],
164  however the efficiency of this off-target priming remains unknown.

165
166  Loss of HSV-1 LAT during filtering suggests cell-free RNA contamination

167 LAT reads were not universally detected in the Inf-1 and Inf-2 datasets, but instead
168  were 10 times more abundant in the Inf-2 dataset (Fig. 4B). In addition, most LAT reads in the
169 raw dataset were excluded during the initial quality control filtering process (Fig. 4D). Notably,
170  most cells with LAT reads in the filtered dataset only contained a single LAT read (as
171  determined by the UMI present on each read) (Fig. 4D). Subsequent analysis of the individual
172 clusters demonstrated that the vast majority of cells designated as LAT+ were associated with
173 Cluster 0 and were almost exclusively from the Inf-2 dataset (Fig. 5A). Similarly, the relative
174  expression of LAT was highest in Cluster 0 (Fig. 5B). Because (i) this cluster is composed of
175 dead/dying cells and (i) HSV-1 LAT introns accumulate to high levels in neurons [31], we
176  hypothesized that high background levels of cell-free RNA — originating from HSV-1 infected
177  neurons that were damaged during tissue processing — could be the source of LAT reads in
178  non-neuronal cells. To test this hypothesis, we compared the number of reads aligning to HSV-
179 1 LAT and several cell type specific markers in the pre- (Fig. 1A) and post-filtered (Fig. 1B)
180 datasets. Strikingly, this analysis demonstrated a significant loss of both HSV-1 LAT and
181  neuronal markers during filtering that was not observed for any of the other major cell types
182  present (Fig. 5C & Fig. S1). Thus, extensive death of (HSV-1 latently-infected) neurons during

183 TG processing is the most likely source of ambient RNA contamination [32,33].

184
185  Discussion
186 The recent study by Wang et al. [8] has challenged the dogma that HSV-1 exclusively

187  establishes latency in neurons. However, overturning existing dogma necessitates robust and

188 rigorous evidence that is supported by well-controlled independent experiments using
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189  orthologous methodologies. A key premise of Wang et al. [8] is that the presence of HSV-1
190 LAT RNA in a cell is sufficient to conclude that the virus has established latency in the infected
191  cell. HSV-1 latency can be operationally defined as the presence of viral DNA in host cells in
192 the absence of virus particle production, provided that the genome is maintained in a
193 reactivatable state that enables the production of new infectious HSV-1 particles [34,35].
194  Transcriptional activity of the latent HSV-1 genome is repressed with exclusive expression of
195  LAT driven by a neuron-specific promoter [11,13,15]. Neurons are the only cell type in which
196  HSV-1 latency has been clinically and experimentally demonstrated in both human and mouse
197 ganglia[2,9,36—-39]. Interestingly, not all HSV-1 infected TG neurons express LAT in the HSV-
198 1 mouse model [40] and it is unclear whether all TG neurons harboring HSV-1 DNA express
199  LAT in humans [41,42], raising the question of whether all neurons containing HSV-1 DNA
200  support virus reactivation. Thus, even if low-abundance HSV-1 LAT reads were detected in

201  non-neuronal cells, this is not conclusive evidence of latency.

202 Our reanalysis of the scRNA-Seq data from Wang et al. [8] reveals significant errors in
203  their data analysis. We conclude that their reported detection of LAT reads from non-neuronal
204  cells is best explained by cell-free RNA originating from latently-infected neurons that were
205 damaged during tissue processing. Moreover, we specifically establish that the Inf-1 and Inf-2
206  datasets cannot be considered biological replicates, with the Inf-2 dataset in particular showing
207  evidence of extensive cell destruction during tissue processing. We have also shown that
208 integration of these datasets yields multiple cell clusters that cannot be assigned a specific
209  cellular identity. One of these clusters is dominated by low quality HSV-1 LAT expressing cells
210 that are almost entirely derived from the Inf-2 dataset. A deep analysis of this cluster identified
211 markers of multiple cell types including neurons and expression of a large number of
212 programmed cell death markers. The significant loss of reads associated with HSV-1 LAT and
213  neuronal markers during QC filtering further supports extensive neuronal cell death during
214  tissue processing and the release of both neuronal RNAs and HSV-1 LAT into the
215  homogenized single cell suspension. Such RNA is easily bound on the surface of other cell
216  types and thus carried into the droplets in which cell lysis and the initial steps of sScCRNA-Seq

217  library preparation take place [32,33].

218 As we had to specifically request that the sScCRNAseq datasets be made available to us
219  post-publication, and these data are not linked to the publication on the journal website, we
220 feel obligated to reiterate the FAIR (Findability, Accessibility, Interoperability and Reusability)
221  data principles. These guidelines provide a framework to increase transparency and promote
222 the reuse of data by the scientific community [43,44], which in turn will accelerate scientific
223  discoveries. Many funding agencies, universities and scientific journals aim to promote open
224  science by recommending or requiring researchers to adhere to the FAIR principles and open

225  access publishing. In the context of sScCRNA-Seq experiments, this means that all raw sequence
7
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226 files, metadata, raw and filtered matrices, and all code/scripts used for analysis are deposited
227  in publicly available data repositories (e.g., GEO, SRA, GitHub etc.), with references to the
228 location of the data in the relevant sections of the article. It would have been helpful for Wang
229  etal. [8] toinclude references to their scRNA datasets in the manuscript, following most journal
230 guidelines, and to provide sufficient details in the Methods section to reproduce all aspects
231  their data analysis e.g., the Cell Ranger parameters used for aligning raw sequence data and
232 the construction of the hybrid genome reference were not described. While Methods sections
233  are often written in a concise manner, it is increasingly common, and usually required by
234  journals, that authors make available all scripts used for the analysis of the original data
235  presented. Additionally, we recommend that authors demonstrate the impact of both QC
236 filtering steps (such as those shown in Fig. 1) and cluster labelling strategies (Fig. 3) on each
237  individual biological replicate. By showing this as Supporting Data in manuscripts describing
238 scRNA-Seq data, it becomes easier for experts in the field and other interested parties to
239  evaluate overall results.

240 In summary, our reanalysis of recently published scRNA-Seq data of HSV-infected
241  mouse TG does not support the reported detection of HSV-1 LAT RNA in non-neuronal cells.
242 While studies investigating the virus and host factors contributing to viral latency and
243  reactivation at the single-cell resolution will undoubtedly advance our understanding of these
244  processes, we encourage researchers to always adhere to the best practices for design and
245  analysis of scRNA-Seq data, consider the biology of both the virus and host, and to share both

246  the data and code used with the scientific community.
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263
264 Methods

265 Data sourcing

266 The raw data files (FASTQ) associated with the original study (SRA PRINA937697) [8]

267 were downloaded from the sequence read archive using fastq_dump from the SRA tools

268  package (https://github.com/ncbi/sra-tools). Count matrices were downloaded from the Gene
269  Expression Omnibus archive (GEO GSE225839) in order to reproduce the analyses in Wang
270 etal. [8]

271
272  Data processing and alignment

273 The 10x Genomics 3’ v3.1 datasets comprise three sets of reads, the |1 reads which
274  contain the sample index, the R1 reads which contain the cellular barcodes and UMIs, and the
275  R2 reads which contain the transcriptome sequences. To examine the nature and numbers of
276  reads derived from the HSV-1 KOS transcriptome, we first performed quality and adapter
277 trimming of the R2 reads using TrimGalore (--clip R1 3 -g 30 --length 50)
278  (https://github.com/FelixKrueger/TrimGalore) before aligning against the HSV-1 KOS genome
279  (KT899744, [45]) using bbmap (https://sourceforge.net/projects/bbmap/). Resulting SAM files

280  were parsed using SAMTools [46] and BEDTools [47] to generate bedgraph files that could be
281  visualized in Rstudio using the packages GVIZ [48] and Genomic Features [49].

282
283  Re-analysis of 10X data

284 Count matrices provided by the authors were imported and analyzed using the Seurat
285  package in R [50]. Since the authors’ original analysis scripts were not provided, we attempted
286  to use parameters from the manuscript where possible to recreate the analysis. However,
287  Wang et al. [8] provided RNA- and UMI-level filter metrics for LAT- cells only, and it was unclear
288  what filters were used on the full dataset. In our analysis, QC and filtering were performed on
289  a combined dataset which included matrices from all three replicates (Uninf-1, Inf-1, and Inf-
290  2). Mitochondrial filtering was performed at the same level as Wang et al. [8] (15%), and cells
291  with 300-9000 features were included. Wang et al. [8]Scripts used in our reanalysis are

292  available at https://github.com/proychou/10X reanalysis. For tSNE and clustering we used

293  parameters from Wang et al. [8] where available, e.g., top 20 principal components, resolution
294 0.1.
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428  Figure legends

429  Figure 1. Quality control of scRNA-Seq datasets derived from pools of HSV-1 latently-
430 infected mouse trigeminal ganglia. (A) Using the filtered barcode matrices generated by
431 Wang et al. [8], the quality of each dataset was assessed by (left) the number of unique genes
432  detected per cell, (middle) the total number of RNA molecules (UMI) recovered per cell and
433  (right) the proportion of reads per cell derived from mitochondrial RNAs. (B) Quality control
434  filtering of these datasets dramatically reduced the total number of cells available for analysis,
435 indicative that many dead/dying cells were present in the original single-cell suspensions of
436 Inf-1 and Inf-2. Filtering parameters removed cells with less than 300 or more than 9000 distinct
437  expressed genes, and cells for which more than 15% of reads derived from mitochondrial

438 RNAs. Inset: Number of cells before and after filtering.
439

440  Figure 2. Clustering and annotation of cell populations. (A) Aggregated tSNE plot of all
441  three datasets identifies 13 distinct clusters (0 — 12). (B) The proportion and total number of
442  cellsin each cluster shown differs between datasets e.g., cluster O is almost entirely composed
443  of cells from the Inf-2 dataset. (C and D) SingleR was used to perform unbiased cell type
444  recognition using both (C) MouseRNAseq and (D) InmGen databases. For each cluster, the
445  maximum proportion of cells given the same identity (analogous to a confidence score) is
446  shown above the bar plot. (E) Both databases yielded similar results and confidence scores.
447 Notably, clusters 0, 3, 5, and 6 could not be adequately resolved into a single dominant cell
448  type. (F) Bubble plot showing both the proportion of cells in each cluster that express a specific

449  marker and the expression level of that marker.
450

451  Figure 3. Further evaluation of cell quality within each cluster. For each cluster, and
452  segregated by dataset, we determined (A) the proportion of mitochondrial reads per cell, (B)
453  the number of distinct genes expressed per cell, and (C) the aggregated expression level of a

454  selection of cell death markers (Table S1).
455

456  Figure 4. Abundant detection of non-polyadenylated LAT introns. (A) Coverage plot
457  denoting the distribution of HSV-1 reads in the raw (unfiltered) Inf-1 and Inf-2 datasets. Double
458  black lines represent the HSV-1 genome, wide and thin grey boxes indicate open reading
459 frames and untranslated regions, and thin lines indicate introns. Top and bottom panel
460 represent HSV-1 reads mapping to the forward and reverse strand of the genome. Both copies
461  of the LAT locus are indicated in green. (B) Reads aligning to the HSV-1 genome comprised

462  only a small proportion (< 0.006 %) of the Inf-1 and Inf-2 datasets, while most of these reads
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463  (74-92%) aligned to the LAT introns located in the LAT locus. (C) Coverage plot of the LAT
464 locus confirms that the majority of HSV-1 LAT reads aligned next to short adenosine
465 homopolymers (blue vertical bars) located within the intron, indicating off-target capture. (D)
466  The majority of cells with LAT reads contained only a single copy of LAT (i.e., a single UMI)

467  and most of these were removed during the QC filtering step.
468

469  Figure 5. Abundant loss of reads associated with HSV-1 LAT and neuronal markers
470 during filtering. (A) tSNE plot from Fig. 2A split by sample shows that the majority of LAT
471  expression (in green) mapped to Cluster 0, which was exclusively present in the Inf-2 dataset.
472  (B) Violin plot showing log normalized expression of LAT in each cluster. (C) For HSV-1 LAT
473  and representative markers of different cell types, we determined the total number of reads
474  present in the pre-filtered (Fig. 1A) and post-filtered (Fig. 1B) datasets. Data for a wider
475  selection of markers is shown in Fig. S1.

476

477  Figure S1. Further evidence that abundant loss of reads during filtering is specifically
478  associated with HSV-1 LAT and neuronal markers. For HSV-1 LAT and representative
479  markers of different cell types, we determined the total number of reads present in the pre-
480 filtered and post-filtered datasets.

481
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